Abstract Fish-based multi-metric indices are an integral tool in implementing effective water policy initiatives for transitional waters. This study analysed the behaviour of three fish indices (TFCI in the UK, ELFI in France and EFAI in Portugal) developed for monitoring in line with the European Water Framework Directive, by applying a supervised multi-way sensitivity analysis with national monitoring data. The relative variation in the index outcome was analysed under different simulation scenarios by setting metric values at various levels and accounting for the covariation between metrics. Subsets of key metrics were identified based on their higher influence in determining the index output. Index results under manipulations of metric scores clearly indicated that metric type, number of metrics used and correlations between metrics are important in determining their behaviour. This has implications for implementing management/ conservation plans, for example, by prioritising restoration and/or conservation of metrics influencing more the ecological status. Indices including uncorrelated metrics (e.g. EFAI) or metrics with a skewed distribution (e.g. TFCI) are less affected by extreme metric changes, reducing the effectiveness of management actions aimed at improving the ecological status of a water body and thus adjustments may be needed to increase their sensitivity to changes in their metrics.
Introduction
Urbanisation and industrialisation are particularly concentrated on coastal areas and transitional waters (TWs; estuaries, coastal lagoons, fjords, etc.) increasing the likelihood of anthropogenic impacts (McLusky & Elliott, 2004; Halpern et al., 2008) . Worldwide, a suite of legislation has been implemented to protect, maintain, and/or restore the ecological status of coastal aquatic environments (reviewed by Borja et al., 2008) . Examples of these are the Water Quality Act in the USA (US Congress, Pub. L. 1987) , the OSPAR Convention in NW Atlantic, the Water Framework Directive (WFD; 2000/60/EC), the Marine Strategy Framework Directive (MSFD; 2008/56/ EC) and Habitats and Species Directive (HD; 1992/43/ EC) in the EU, the United Nations Convention on Law of the Sea (UNCLOS, 1982) and the Convention of the Biological Diversity (UNESCO, 2000) .
In order to effectively manage these aquatic environments, it is important to develop tools that, by measuring a set of system characteristics, allow managers to assess the conservation and ecological status of these environments (USEPA, 2000; Dale & Beyeler, 2001) . Biological indicators are used for this purpose as proxies of ecological integrity given their response to anthropogenic pressures (Jordan & Vaas, 2000; Elliott et al., 2007; Franco et al., 2008a Franco et al., , 2010 Gray & Elliott, 2009; Pérez-Domínguez et al., 2012) . These indicators are often combined to create multimetric indices reflecting a more holistic evaluation of the ecological quality of the aquatic environment (Karr, 1981; Niemi et al., 2004; Hering et al., 2006; Borja et al., 2009; Drouineau et al., 2012; Pérez-Domínguez et al., 2012) .
Several fish-based indices have been developed recently in Europe to assess the ecological quality of estuarine and lagoon systems using an array of ecological attributes of fish communities (Pérez-Domínguez et al., 2012) . Among those currently used in Europe, there are the British Transitional Fish Classification Index (TFCI; Coates et al., 2007) , the French Estuarine and Lagoon Fish Index (ELFI; Delpech et al., 2010) and the Portuguese Estuarine Fish Assessment Index (EFAI; Cabral et al., 2012) . These indices use fish as surrogate organisms to summarise multiple ecological quality attributes such as the availability of food resource, habitat for shelter or reproduction, connectivity between areas, thermo-saline regime, dissolved oxygen and other biotic or abiotic factors required by fishes. The indices combine several quality measures in a summary score. These measures or metrics summarise fish assemblage diversity, taxonomic composition, abundance and functional structure (with particular regard to habitat use and trophic aspects) in order to obtain an integrated assessment of the ecological status of TW systems. The final index performance, therefore, is highly dependent on the value and behaviour of the single metric components and the way in which they are combined. Although the response of these indices and their component metrics to human pressures has been largely investigated (e.g. Vasconcelos et al., 2007; Courrat et al., 2009; Uriarte & Borja, 2009; Drouineau et al., 2012) , little is known about the sensitivity of these assessment tools with regard to the variability of their single metric components.
A complete characterization and appraisal of fish index performance is required by those making decisions about environmental quality; this includes identifying the elements which influence the output of the multi-metric indices (Flanangan & Norman, 1993; Vose, 2000; Sumner et al., 2004; Taylor, 2009) . Here, we propose a novel approach for a simple assessment of the sensitivity of multi-metric fish indices under realistic scenarios of metric change in response to human pressure gradients. In particular, we explore the indices' expected responsiveness (i.e. the tendency to indicate ecological status change after environmental quality alterations) and dynamic range (i.e. the ratio between the largest and smallest possible index values), as well as identifying the most important metric components (i.e. those metrics having high influence on the index outcome and leading to changes in the ecological status classification of TWs). Although this type of analysis is commonly used in economics to help understand the implication and risks associated with economic models and to prioritise investment decisions (Eschenbach, 1992; Flanangan & Norman, 1993; Sumner et al., 2004) , its application is not common in ecology (e.g. Benke et al., 2011) . However, the identification of most influential metrics and magnitude of the expected response of the assessment tools to metrics' variation have similar application and may be extremely valuable and important in implementing informed management actions towards the improvement or maintenance of the ecological status in TW bodies.
The simplest form of sensitivity analysis (also called a one-way sensitivity analysis) consists of varying only one parameter in the model at a time by a given amount, and examining the impact of that change on the model result (Flanangan & Norman, 1993; Vose, 2000; Sumner et al., 2004; Taylor, 2009 ). However, when considering ecological multi-metric indices (i.e. our model), component metrics (i.e. the model parameters) cannot be expected to be mutually exclusive or independent (i.e. may be interrelated). In natural systems, the linkages between ecological processes often induce correlation between fish metrics. In order to take account of this and to produce realistic ecological scenarios, we developed a supervised multi-way sensitivity analysis technique where scenarios of index change are defined by simultaneously changing the values of multiple metrics, according to their degree of co-variation under identical pressure conditions. Hence the study aims to (i) interrogate the expected behaviour (responsiveness and dynamic range) of fish-based indices under realistic scenarios of change, and (ii) to determine the importance of the different metrics in determining the final index score and quality status classification of TW bodies.
Methods

Data used
The sensitivity of fish-based indices to metric changes was investigated by using three different multi-metric fish indices, ELFI, the TFCI and the EFAI (Estuarine Fish Assessment Index) ( Table 1 ). The index structures are provided in Coates et al. (2007) , Delpech et al. (2010) and Cabral et al. (2012) , respectively. Each of these multi-metric indices is defined by the sum of several metric values after standardisation with respect to a predefined reference. In all three indices, an increasing score value indicates an increasing degree of similarity with the specific reference conditions indicating optimal ecological condition. Each index was applied to the respective national dataset for which it has been designed, including 70 French, 58
British, and 26 Portuguese transitional water bodies as defined for the national implementation of the WFD and covering a range of pressure conditions. Data were provided by IRSTEA (France), the Environment Agency (UK) and Centro de Oceanografia, Universidade de Lisboa (Portugal), and are part of these countries' WFD-compliant monitoring of fish in TWs. Data were provided as standardised metric scores for different water bodies and sampling years (covering a period between 2004 and 2010). A total of 138, 58 and 33 data points were used for the ELFI, TFCI and EFAI, respectively. For each metric, the scores present in the national datasets were ranked from smallest to largest and average values calculated for different percent intervals of the ranked dataset. Finally, the metric score data were also subjected to a frequency distribution analysis. It is of note that the scoring system of the EFAI has a range of 1-5, but only includes one intervening nominal score with a value of 3 compared to TFCI that contain all three possible levels, 2, 3 and 4. Therefore, only levels 1, 3 and 5 are relevant for the EFAI metrics. Finally the ELFI range is set from 0 to 4 with half unit discrete interval values. In order to allow comparisons with TFCI and EFAI, the scoring criterion for ELFI was harmonised to four unit discrete intervals (i.e. range 0-4 with intervening scores 1, 2 and 3) as with in the other indices (Fig. 1) . Table 1 Metrics composing the ELFI, EFAI and TFCI indices. Acronyms for each metric are provided * EFAI includes different sets of metrics dependent on whether it is used to assess of mesohaline/polyhaline before or oligohaline waters . Given the small amount of data available for oligohaline waters, EFAI index was applied only to meso/ polyhaline water bodies, hence the appropriate set of metrics has been considered Modelling scenarios
For each multi-metric index, eight independent metric manipulation scenarios were computed per index metric (identified below as 'scenario-driving metric'). The index value for each metric manipulation scenario was calculated in three steps: firstly, the scenariodriving metric was changed to the average score value calculated for the upper or lower 10, 40, 60, and 80% interval of the ranked dataset leading to the calculation of eight independent scenarios (from here on identified as Top 10%, Low 10%, Top 40%, Low 40%, etc., scenarios) (Fig. 2) ; secondly, the remaining metrics in the index were independently set to average score values calculated for different percent intervals of their ranked dataset according to their degree of correlation with the scenario-driving metric, and, thirdly, the resulting metric scores were finally combined to compute the index value according to their described methodology. The criterion for setting the non scenario-driving metrics in the index was based on the assumption that metrics that are more strongly correlated with the metric driving the scenario will show a similar relative change resulting in further influences on the indices outcomes. Allowing for this metric weighting was considered to produce a more realistic appraisal than simply changing one metric at a time. The used criterion can be expressed by the following formula:
where P mi is the percent interval used to compute non scenario-driving metrics values, P dm is the percent interval set for the scenario-driving metric, and k i is the degree of correlation between each metric (mi) and the metric driving the scenario (dm). The parameter k i is defined based on the P value and the Spearman's rank coefficient (q) of the correlation between each metric (mi) and the driving metric (dm), while P dm is set to the value of the average upper or lower 10, 40, 60, and 80% interval of the ranked dataset (Fig. 2 ). According to this approach, when a metric showed a non-significant or a weak correlation with the metric driving the scenario, then the average value for that metric (corresponding to P mi = 100, i.e. the average value of the metric calculated on the whole (100%) dataset) was used (Figs. 3, 4) .
Index response
The effect of each scenario of metric change on the ELFI, EFAI and TFCI index performance was analysed by assessing the relative response of the final index score measured as percentage deviation from its average value, the latter being calculated by setting all metrics in the index to their average score in the analysed dataset. The sensitivity analysis was summarised by using tornado diagrams and radar (or spider) plots (Eschenbach 1992 (Eschenbach , 2006 Cooke & Noortwijk, 2000) . The overall influence of each driving metric on the final index result was assessed by the degree of variability of the index under the different metric scenarios measured by the standard deviation of the index score across all the eight scenarios (Top and Low 10, 40, 60 and 80%) for each driving metric. Two additional extreme scenarios were explored for each driving metric by setting it to the highest and lowest value observed in the dataset (corresponding to the upper and lower 2, 1 and 4% interval in the TFCI, ELFI and EFAI datasets, respectively) and by calculating the values for the other metrics using the criterion defined above. These extreme case scenarios were analysed using radar plots, to visually evaluate the dynamic range of the index to changes in its metrics.
The index outcomes obtained from the above scenarios were related to the resulting Ecological Status classification by superimposing the thresholds of status classes [as defined in the EU WFD as High, Good, Moderate, Poor and Bad and provided for each index in Coates et al. (2007) , Delpech et al. (2010) , and Cabral et al. (2012) ] to the tornado and radar plots.
Results
Metrics distribution
All ELFI metrics showed a similar frequency distribution in terms of metric scores, with the spread of scores being relatively homogenous throughout the range (Fig. 1A) . In contrast, the TFCI showed a less homogenous distribution of the metric scores, with metrics M1, M4, M7 and M10 strongly skewed towards higher scores, indicating a predominance of cases showing smaller deviance from reference conditions for those metrics. In addition, not all possible metric scores were represented for metrics M1, M2, M3, M7 and M10 in the TFCI index (Fig. 1B) . For the EFAI, the scores for SENS and DIA had mostly a constant value of 3 (Fig. 1C) .
Metric correlation and scenario definition ELFI and TFCI metric scores showed significant (all positive) correlations between most metrics included in the indices (Table 2 ). Based on these results, different scenarios of metric change were defined for these two indices (Figs. 3, 4) . In contrast, no significant correlations between metrics were obtained in the EFAI, therefore, a one-way sensitivity analysis (changing the scenario-driving metric only) was carried out for this index, with non scenario-driving metrics set to their average value in the national dataset. In general, the Top 10% and Low 10% scenarios of change in the metric scores determined the greatest change in the index outcome, with the TFCI showing a higher variability in the index response to these changes across the different metrics compared to the other indices.
Index response
For each scenario tested, metrics in the tornado diagrams were ordered from the most influential (top) to the least influential (bottom) on the index (Fig. 5) . The relative response of the index (as percent change from the average value) to metric manipulations is presented within the tornado diagrams with longer bars for each percent range (low or high) indicating greater effect on the index result (Fig. 5) . The sensitivity of the index to the different metric scenarios can be inferred by the correspondent total range of variability of the index (between upper and lower percent scenarios; Fig. 5 ).
In general the response to manipulation of the metrics indicated less variation in the EFAI, followed by the TFCI, with the ELFI showing the most extreme effects, with changes that almost doubled the average index value (close to 100%) under the Top 10% and Low 10% scenarios. This overall higher variability of the ELFI index under the different metric scenarios was confirmed by the higher standard deviation values generally observed for this index compared to EFAI and TFCI (Table 3) .
For the TFCI, metrics M3 (species relative abundance), M7 (functional guild composition) and M10 (feeding guild composition) proved to be the less influential metrics on the index outcome, the set of scenarios for these metrics leading to a minimum variability of the index (Table 3 ; Fig. 5A ). In turn, metrics M1 (species composition), M6 (number of estuarine-dependent marine taxa), M9 (number of piscivorous species), M8 (number of benthic invertebrate feeding taxa) and M5 (number of estuarine species), consistently induced the strongest response in the TFCI (Table 3 ; Fig. 5A ). Interestingly, metric M4 (number of taxa that make up 90% of the abundance) appeared to greatly affect the index value only when considering the most extreme top scenario (Fig. 6) .
A greater consistency was observed in the ELFI response, with practically constant ranking of metrics according to degree of influence on the index across the different scenarios of change. ELFI showed a high sensitivity to metrics DT (total fish density) and DB (density of benthic fish) followed by RT (total species richness), whereas DDIA (density of diadromous fish) and DFW (density of freshwater fish) induced the least amount of change in the index (Table 3 ; Fig. 5B ).
For the EFAI index, the metric %MM (percentage abundance of marine juvenile migrants) showed a higher influence on the index change, followed by ES (estuarine resident species), and P (piscivorous species; Table 3 ; Fig. 5C ). The metric SENS (disturbance sensitive species) showed no effect on the index due to its constant value of 3 in the whole dataset analysed.
Radar plots of the extreme case scenarios for each index indicate the dynamic range of the index to the highest and lowest measured values of its metrics. The larger the separation between the maximum and minimum scenario for each metric, the higher the influence this metric could have in the index result. The TFCI has a more irregular trace suggesting a range of sensitivity to metric extreme values compared to ELFI and EFAI (Fig. 6) .
When considering the resulting Ecological Status classification superimposed on the results (Figs. 5, 6 ), the TFCI showed a theoretical average value in the British dataset falling within the Moderate status class, with the different scenarios leading to an impairment to Poor status (lower percent scenarios) or an improvement to Good status (upper percent scenarios). In particular, a clear improvement from Moderate (average) to Good status was observed when metrics M1, M6, M9, M5 or M8 (driving the scenario) were increased to high average values of the Top 10% interval of the national dataset (Fig. 5A) . Good status was reached also when metric M6 was increased to the average value of the upper 40% interval of the national dataset, although in this case the TFCI showed a value close to the Moderate/Good boundary. Contrary to that observed for the above metrics, the improvement in the score of all the other driving metrics except M4 did not result in a status improvement to Good conditions. Only when setting M4 to the maximum value observed in the dataset did the status improve to Good (Fig. 6A) . In contrast, ELFI scores showed a theoretical average value in the French dataset falling within the Poor status class, with the different metric-worsening scenarios often leading to Bad status, whereas the metric-improving scenarios resulted in changes to Moderate status in most cases (Fig. 5B) . Good status could be reached theoretically only by setting metrics DT (total fish density) and DB (density of benthic fish) to high average values in the upper 10% interval of the national dataset, and even in these cases ELFI showed a value just above the Moderate/Good boundary. It is of note that an improvement of metric RT (total species richness) could result in a status improvement (with the index scoring close to the threshold area between Moderate and Good status) but only when this metric was set to the maximum value observed in the French dataset (Fig. 6B) . The theoretical average value of the EFAI in the Portuguese WFD dataset falls within the Moderate status class, and the different scenarios did not lead to any status change (Figs. 5C, 6C ). The only exception regarded the metric P (piscivorous species), which led to a reduction (and thus apparent deterioration) of the ecological status (to Poor conditions) when its value was decreased at or below the average of the lower 40% interval of the national dataset.
Discussion
This study presents a multi-way sensitivity analysis that was derived from risk assessment techniques (Vose 2000; Taylor 2009 ) and that was adapted to assess ecological multi-metric indices by formulating theoretical, but realistic scenarios of change using the variability range and distribution of metric scores composing the indices as well as the co-variation between metrics captured in the national sets of TW bodies (predominantly estuaries). The analysis has used several multi-metric fish indices and data gathered under relevant human pressure gradients from relatively large WFD-compliant monitoring programmes. This has captured in the dataset the range and expected frequency of all possible metric scores within their actual range of variation, including the highest and lowest metric values that have been currently measured in the studied WBs, in agreement with lower and higher pressure levels, respectively. Overall, the behaviour of multi-metric indices under manipulations of metric scores clearly indicated that metric type, number of metrics used and correlations between metrics are important in determining the index behaviour, with those indices including more and/or uncorrelated metrics or metrics with skewed distribution being less affected by extreme metric manipulations. This allows us to address whether this ability to buffer extreme metric scores results in a more robust indication of quality status or in a less sensitive index. While the answer is not unequivocal, it is clear that decisions taken in the design and structure of multi-metric indices ultimately determine their expected behaviour (i.e. responsiveness and dynamic range).
The sensitivity analysis was applied to three indices designed to answer the requirement of the WFD for ecological status classification of TW bodies through the assessment of fish assemblages. All three indices are based on species richness and abundance metrics, both of which are highly depend on sampling method and effort (Seegert, 2000; Whitfield & Elliott, 2002; Harrison & Whitfield, 2004; Martinho et al., 2008; Courrat et al., 2009; Uriarte & Borja, 2009; Franco et al., 2012) . The indices shared a common general structure, with index scores resulting from the (unweighted) sum of the metric scores which in turn indicate the degree of deviance from specific reference conditions (Pérez-Domínguez et al., 2012) . However, the metric scores showed different distributions within each dataset, thus probably affecting index dynamics and hence the ecological status classification of TW bodies at the national level. The distribution of metric scores is greatly determined by the metric type and skewed metrics such as M7 and M10 (functional and feeding guild composition) in TFCI indicate the concentration of scores towards one end of the quality scale. This concentration of scores makes the transition from one scenario to the next quite abrupt and more importantly results in a relatively unresponsive index above or below the median value. This effect is clear when considering the general asymmetry characterising the response of TFCI to the scenarios of metric change. This is probably influenced by the presence of negatively skewed distributions for some metrics, leading to higher average values when considering the upper percent scenarios compared to the lower percent scenarios. Since the studied indices have been proven to respond to human pressures (Vose, 2000; Cabral et al., 2012) , the observed metric distribution scores have been assumed to reflect the range expected from the fish tool under human pressure gradients, including sites with little human pressures and others with intense disturbance. These effects described in the sensitivity analysis are therefore plausible and so could be used to screen potential metrics and or combination rules, including metric weighting, in order to increase both the responsiveness and dynamic range of multi-metric indices.
A definitive pattern in index sensitivity to specific metric changes could not be identified precisely as the three indices include different types of metrics, the ELFI mainly responding to density measures, the TFCI on number of species and on multivariate characteristics of the fish assemblage, and the EFAI combines number of species and relative abundance (Coates et al., 2007; Delpech et al., 2010; Cabral et al., 2012) . The results for the ELFI highlighted that the total fish density (DT) and the density of benthic fish (DB) had the highest influence on the index response and variability. In turn, the TFCI index proved to be especially sensitive to species composition (M1), number of estuarine species (M5), number of estuarine-dependent marine taxa (M6), number of benthic invertebrate feeding taxa (M8) and number of piscivorous species (M9), all diversity-based metrics. Metrics characterising estuarine resident species (ES), estuarine-dependent marine species (namely, marine juvenile migrants, %MM) and piscivorous species (P) proved to be highly influential also when considering the EFAI, thus confirming the relevant contribution of these functional groups in affecting the ecological condition of fish assemblages in TWs (Elliott et al., 2007; Franco et al., 2008b) . It is of note that the metrics that proved to be more influential, particularly for TFCI and ELFI, showed usually highly significant positive correlations with each other. This may be explained due to the use of the co-variation between metrics to set the level of change in the metric values. The strong positive correlation between the most influential metrics is likely to have amplified the effect of the metric scenarios, hence enhancing the sensitivity of the index response to the quality attributes driving the correlation of these related metrics.
It is known that metrics are, to some extent, correlated in many fish indices as some quality attributes reflected in one metric may be included in others (Borja et al., 2012b) . For example, loss of species or number of functional guilds may respond in a similar way yet they indicate different quality attributes of fish assemblages. For an indicator of ecological quality, this effect may increase the redundancy in the tool; in this case, the a priori advantage of a more holistic assessment of the multi-metric index is lost as the addition of these metrics provides redundant information. That redundancy is often dealt with at the early stage of the index development by not using one metric from highly correlated pairs (Breine et al., 2007 (Breine et al., , 2010 Pérez-Domínguez et al., 2012) . However, in other cases where the strength of the correlation is low, this decision is or should be moderated by ecological knowledge. In fact it is necessary to leave some level of overlap to improve the response of the index across a wider range of quality conditions. That is, a metric may stop responding when the quality reached a certain level but a related metric may complement this lack of sensitivity extending the dynamic range of the index. For example in a severely impacted system, a metric based on sensitive or indicator species may not be at all adequate and probably not responding at the levels whereas a metric based on trophic composition or diversity is still appropriate. It is possible that at moderate levels of disturbance, both type of metrics show some degree of correlation but the combined information captured in the index justifies the inclusion of both. Therefore, there is a greater potential to have a responsive index across a wider range of quality although this may result in undesirable redundancy, double counting and an inflated index response. This level of judgment to decide the best metric pool for an index is very difficult to obtain through statistical modelling of individual metrics and hence there is the need to determine methods of testing the behaviour of the index under different metric scenarios including the expected distribution of metric scores along actual pressure gradients. Choosing the 'correct' set of metrics for the formulation of a useful and robust index is a difficult task and should, at least in part, be based on relevant ecological scenarios given the pressure field affecting the systems. An early and independent quantification of anthropogenic pressures is therefore always needed.
The resulting ecological status classification of TW bodies according to the index use was highly dependent not only on the index responsiveness to metric changes but also on the criteria used at the national level to score the different metrics and the resulting index value and to establish the thresholds between ecological status classes. As a result, the theoretical average classification (calculated from the average scores of all metrics in the national datasets) of the 58 British and 26 Portuguese TW bodies identified them in a Moderate ecological status. Also due to the relatively high sensitivity of the TFCI index to metric changes, this leaves room for improvement to Good status in the British estuaries by improving the fish community components which are reflected in the most influential metrics (M1, M5, M6, M8, M9) up to values in the upper 10% interval of the national dataset. An improvement to Good status could be reached even after a relatively lower increase in the number of estuarine-dependent marine taxa (M6) in the fish assemblage, up to values included in the upper 40% interval of the dataset. This corresponds to an increase of M6 to a score of 4 from its current average score of 3. It is of note that efforts to further improve M4, M7 and M10 (e.g. to values in the upper 10% interval of the dataset) would not lead to any relevant additional improvement in the final index score and status assessment. This is a consequence of the skewness of these metrics. Only when the M4 metric score reaches its observed maximum is an improvement on status class observed, possibly resulting from a slightly stronger relationship of M4 with the other metrics compared to M7 and M10. In contrast, the lower sensitivity of the EFAI to changes in its metrics did not allow any status class improvement, even when the most influential metrics reach their maximal values observed in the dataset (hence a metric score of 5). The variation of the EFAI index mainly within a single ecological status class, together with the small size of the Portuguese dataset compared to the other analysed datasets, lead to a lower confidence in the results obtained for the EFAI index and limit the interpretation on this index performance for other status conditions. The theoretical average value of the ELFI index measured on French TW bodies identified a Poor ecological status which is likely to lead to a lower possibility of improvement of the assessed status to Good conditions, despite the higher sensitivity of this index to metric changes. In fact, according to the sensitivity exercise, a Good ecological status could be reached in the studied water bodies only when the total fish density (DT) and the density of benthic fish (DB) were increased to very high values (equal or higher than the average value of the upper 10% interval of the dataset) within the range of variability observed in the dataset. This would correspond to a minimum increase of both of these metrics from values leading to a metric score of 1.5 (their average score in the dataset) to values closer to the reference conditions and leading to a metric score of 4, the actual metric value depending on the typology of the assessed water body, hence on the definition of type-specific conditions.
Although the variation range of TFCI and ELFI values under the different scenarios did not cover all ecological status classes (e.g. High or Bad status), it is of note that the Moderate and Good status classes were fairly reproduced by the data, these status classes and the boundary between them being of main interest for the assessment and management of water bodies under the European WFD. European Member States have to achieve Good status or higher for all their water bodies and so misclassification between Moderate and Good classes could result either in unnecessary and perhaps costly remedial measures or in the impression that area water body is in better status than it really is (Hering et al., 2010) . The results obtained in this study can be used to inform the setting of realistic targets for the management of TWs with respect to end monitoring goals such as the requirements of the WFD, provided that clear relationships have been established between the metric responses and the level and type of anthropogenic pressures which would need to be managed (see also Borja et al. 2012a ). Several studies have highlighted the variability of most of the metrics here identified as influential to anthropogenic pressures especially related to chemical pollution (Courrat et al., 2009; Delpech et al., 2010; Borja et al., 2012b; Drouineau et al., 2012) . The habitat degradation due to heavy metal and organic contamination has been regarded as particularly impairing the essential nursery function of estuaries (Courrat et al., 2009 , Carstensen et al. 2012 . However, it is of note that most of these studies focused only on this type of pressure, hence the metric responses to other pressures cannot be excluded. For example, Franco et al. (2009) reported a significant relationship of several fish-based metrics with seagrass habitat loss and hydromorphological changes (bathymetric homogenisation and maintenance dredging) in lagoon water bodies. Once these metric-pressure responses are thoroughly investigated and clearly assessed, identifying sets of metrics inducing a stronger response in the studied fish-based indices and the effect on the resulting status classification could be used to inform managers on which aspects of the fish assemblage structure and functioning (and thus metrics) should be prioritised in management plans aimed at improving the ecological status of TW bodies. For example, the results obtained in this study would suggest that a higher effort would be required to reach a Good status in French TWs (as assessed by ELFI) compared to the British ones (TFCI), hence more extensive (and possibly more costly) remediation processes are likely to be required to bring water bodies to the desired Good status in France than in the UK. However, this is based on the assumption that the classification obtained by these indices is comparable, thus emphasising the importance of the intercalibration exercises (Hering et al., 2010) . The results of the EFAI would suggest that any effort towards metrics improvement would be of little value as a Good status would not be reached in any scenario of metric change contemplated in the sensitivity analysis. Although a lower confidence is ascribed to these results, they could be highly affected by the version of the EFAI used (e.g. metrics and index scoring system and setting of the class/score boundaries). Some of the difficulties in the formulation of a transitional fish index in Portugal appear to arise from the relatively uniform level of pressure operating across the different TW bodies used in the dataset. Further improvements have been made to expand the spectrum of pressure conditions assessed by the EFAI index, also taking into account the results of intercalibration exercises with other fish indices on the wider European context (H. Cabral, Centro de Oceanografia, Universidade de Lisboa, personal communication).
Although the analysis performed in this study represents a theoretical exercise to highlight the sensitivity of fish-based indices to metrics variation, it has a very practical application in addressing the management of specific water bodies at national level. For example, the Moderate status classification of British estuaries such as the Alde and Bure, which, according to the TFCI assessment, present conditions similar to those described by the theoretical average scenario, could be potentially improved to Good status, e.g. by adopting measures favouring the use of the estuary as a nursery for a higher number of estuarine-dependent marine taxa. A possible management action could then be undertaken to reduce pressures resulting in loss of nursery habitat.
Conclusions
As fish indices are designed to be a proxy of pressure (Pérez-Domínguez et al., 2012) , we suggest that the sensitivity analysis carried out in this study presents a realistic estimation of index dynamics owed to the different metric's response along stressor gradients.
The relative simplicity of this approach makes it very easy to understand by non-specialists and the tornado and radar plots give a simple visual way to highlight quality aspects on which the restoration efforts will produce the most desirable effects. However, this mathematical exercise does not actually indicate the change at the level of individual water bodies and hence the assessment should be taken only to provide a general interrogation of the multi-metric index behaviour. Although the applied theoretical exercise is as realistic and valid as possible using real national monitoring datasets, it still has some limitations, given the many factors which may affect the metrics and indices variability among and within TW bodies (Borja et al., 2012b; Drouineau et al., 2012) .
Despite this, if the conditions deviate strongly, improve or deteriorate, from the average the index outcomes are likely to be bound by the limits identified in this exercise. If this is the case, and all indices used in this analysis are relevant and valuable indicators in their own right, the boundaries of the different scenarios could be used to interpret the different outcomes of the indices. Hence, this information has many practical uses, for example, to set realistic management targets and also to identify the metrics (and underlying quality and community attributes) that are more likely to affect the outcomes leading to more robust and responsive indices. Also, taken together with indices sensitivity to pressure, the information provided by this relatively simple technique is extremely valuable to evaluate the likelihood to achieve a predefined quality status, to link an expected index change to specific pressure types and to assess the usefulness of individual metrics on conservation targets in management plans.
This study also highlights areas of improvement for the tested indices. The limitations in the metric score distribution within national datasets, regarding both range of variation (e.g. EFAI) and skewness (e.g. TFCI), proved to have a relevant influence on the index performance. These limitations might reflect the actual conditions of the set of water bodies assessed at national level resulting from the set of pressure levels acting in them, in which case an improvement could be achieved only by including (if possible) additional water bodies in the national datasets which cover extreme status conditions (High or Bad ecological status). However, the effects highlighted above might be influenced also by the criteria adopted for the index construction (e.g. metrics scoring system), in which case the above indices would benefit from a revision of the metric scorings while taking into account the matching of metric response and pressure conditions. We are aware that such a revision of the indices is being undertaken (Cabral H .N., Centro de Oceanografia, Universidade de Lisboa and Coates S., SC 2 , Glasgow, personal communication).
